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Abstract—This paper analyzes the pessimistic effect on the
inherent load shifting potential (LSP) of buildings due to the
participation in the reserve market. A generic model-based
optimization approach is deployed, which uses a validated dy-
namic model along with its experienced external and internal
disturbances, to quantify the LSP in the presence of various
price signals. The theoretical maximum LSP is obtained using
a base energy price without the provision of ancillary services
(AS). The deviation from the base case LSP is observed after
including the time varying energy and the reserve price from the
spot market. Factors affecting the LSP are found to be as: (1)
physics of the model, (2) the nature of price signal and (3) the
competency of the reserve price with respect to the energy price.
Due to its simple formulation, low computation requirements, and
modular nature, the method proposed in this paper can easily
be deployed by retailers and system operators for the assessment
of monetary incentives as well as qualified load type for various
demand response (DR) services in liberalized markets.
Index Terms—Demand Response, Reserve Market, Heating
Ventilation Air-Conditioning (HVAC), Load Shifting Potential,
Ancillary Services.
I. INTRODUCTION
Due to limited controllability of renewable energies, DR
services have now been considered all over the world for
destressing the grid [1]–[4]. Considering the magnitude, build-
ings are usually considered as one of the major contributors of
greenhouse gas emissions and electricity consumption. More-
over, the heating, ventilation and air condition (HVAC) system
installed in almost every building is the largest consumer of
energy. Hence, the availability of flexibility in the operation
of the HVAC system could provide a great potential for DR.
In the past, the developed building/HVAC models [5] served
the purpose of estimating annual or monthly energy consump-
tion. Since the need for provision flexibility from the demand-
side is now more than ever, building models are required to
provide controllable consumption. As a result, a great deal of
recent work has been dedicated to developing control-oriented
building models [6]–[8]. The idea behind these models is
to predict and control the energy consumption of flexible
appliances in the building with high fidelity. Most of the
control strategies for buildings revolve around the cost optimal
consumption [9], [10], energy efficiency [8], and AS provision
to the grid [11]–[13]. The above mentioned literature presents
extensive options for the controller design of DR services
from buildings. Hence, in order to evaluate these strategies, a
generic method must be presented, which quantifies buildings’
LSP and the important factors influencing them.
Authors in [14] discussed the assessment of types of loads
to participate in load management strategies. But the analysis
was performed on an unvalidated model. Furthermore, the
limits of the LSP and its dependence on AS provision were
missing. In [15], authors provided a method for estimating the
storage potential of a cluster of residential thermostatically
controlled loads (TCLs). This approach is based upon the
hysteresis (ON/OFF) based control methodology of TCLs.
Hence, the method is not applicable for a common variable
frequency driven fan of an HVAC system. Recently, [16],
[17] provided a method for quantifying demand flexibility.
But no comments were obtained regarding the effect to the
flexibility with respect to AS provision. Since higher reserve
requirements are observed in the presence of renewables, the
analysis of building’s LSP with the inclusion of AS provision
is much needed.
Hence, the contribution of this paper is threefold. First, it
quantifies the LSP of the modeled building under its physical
requirements and monetary incentives. Second, an analytical
expression is obtained, explaining the factors related to the AS
provision and the deviation in the LSP. Third, the relationship
is approximated describing the change in the LSP as a function
of energy and reserve price.
Section II explains the physical interpretation of the model
used for our case study. The method for assessing the LSP and
its key findings are given in section III and section IV. Section
V provides conclusion and possible future research directions
related to this topic.
II. MODELING
The model, which describes the heat transfer of the walls
and the air inside the room, consists of five differential
equations - four for the temperature of walls and one for the
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room temperature [8]. The nonlinear differential equation for
the temperature evolution of the model is given as:
x˙t = f
(
xt, um,t, ud,t, dˆt
)
. (1)
Where xt ∈ Rn represents state vector of size n = i + j.
um,t ∈ Rj and ud,t ∈ Rj are the input vectors representing
the HVAC’s mass flow rate and the heat input, respectively. dˆt
is the disturbance vector. The electrical power consumed due
to the HVAC’s mass flow rate is given as:
∗ Pheat(t) = m˙(t)cp(Tin,heat(t)− Troom(t)) (2a)
Pfan(t) =
m˙(t)∆p
ρ
(3)
Where m˙(t), cp, Tin,heat(t), Troom(t), ρ and ∆p are the
HVAC’s mass air flow rate, the specific heat capacity of air,
the inlet temperature of air, the room temperature, the density
of air and the pressure difference across the fan, respectively.
The expressions for the consumed power and the differential
equation presented above are of nonlinear nature. To be able
to control the model with respect to our needs, a linear system
is desirable.
In [8], the author uses Sequential Quadratic Programming
(SQP), to obtain a linearized version of (??). Zero-order hold is
performed to obtain a discretized version of the linear model.
The resultant discrete time LTI state space model of the system
is given as:
xk+1 = Axk + (Bu +Bd)umk + Edˆk (4)
Where xk+1 ∈ Rn represents the temperature of all the states
n = i + j at step k + 1 with respect to the inputs um ∈ Rj
and the disturbance dˆk ∈ Rn at step k. Matrices A, Bu, Bd
and E are of the appropriate sizes.
The detailed modeling/validation of the system is presented
in [9]. A simple validation of the model, with our interpreta-
tion, is shown in fig. 1. The simulated room temperature from
the linear model shows good agreement with the measured
temperature. The combined rated power of heating and the
fan is shown as the rated power. The drop in the rated
power is due to the temperature of the room reaching the
maximum temperature set-point (rule-based-controller). The
solar disturbance experienced by the room is shown in fig.
1. For further insight into the physical aspects of the model,
its parameters, units, and validation, readers are directed to
[8]–[10].
An extension is performed to include the AS provision from
the modeled room. Furthermore, to have a sizable provision
of flexibility from scheduling of consumption and reserves,
another extension is performed to augment the modeled room
to a ns = 10 floor building with nr = 20 rooms per
floor. The total number of rooms in that building is then
nbr = nsnr = 200. The experienced disturbances for addi-
tional rooms are assumed to have 50% randomly distributed
deviation of disturbance from the measured one. With the
inclusion of AS provision, state space model of the system
Fig. 1. (a) Comparison between measured and simulated room temperature
(deg C). The combined rated power of heating and the fan (kW) is shown in
green. (b) Disturbance caused by solar radiation on the walls.
is given as:
xk = Ax0 + Buk + Edˆk + Brrk (5)
In (??), the state vector for the building xk and the disturbance
dˆk are of the size Rnnbr . The input vector uk ∈ Rnbr at step k
represents the augmented version of original control variable
of the single room um. Br contains coefficients of the matrix
B, representing each floor’s participation in the AS provision
with the quantity rk ∈ Rnbr . Matrices A, B = Bu + Bd, Br
and E are of appropriate sizes.
III. QUANTIFICATION OF THE LSP
To analyze the LSP of the modeled building in section II,
sensitivity analysis with respect to change in the electricity
price is performed. The reason for opting price-based sensitiv-
ity analysis is that the energy price provides an economic equi-
librium in the liberalized market consisting of suppliers and
consumers. Hence, on the consumption side of the liberalized
market of today’s smart grid, it is of imperative importance
to quantify the price sensitivity of the underlying loads. The
LSP quantification procedure is outlined as:
1) Perform a model-based optimization to obtain a cost
optimal pattern of the underlying load subjected to the
state feasibility and actuator limits
2) Perturb the energy price to obtain the response of the
load
3) Fit the desired polynomial function to quantify the
response of the load to the change in the price
Seven scenarios are simulated with different perturbations
percentiles, as shown in table I. To study the effect of various
price signals, each scenario is subjected to three cases, pre-
sented in table II. The energy and the reserve price mentioned
in table I are shown in fig. 2.
Table I
APPLIED PERTURBED PERCENTILES
Scenario 1 2 3 4 5 6 7
Perturbation ±10% ±15% ±20% ±25% ±30% ±35% ±40%
Table II
CASE STUDIES FOR EACH SCENARIO
Case Enegy price Reserve price
Case 1 (mean) –
Case 2 –
Case 3
Fig. 2. The energy and reserve price in SGD (Singapore Dollar)/kWh taken
from the NEMS [18] for the whole day (48 periods - 30 minute steps).
Model-based optimization is formulated as:
∗ min
u∗,r∗
N∑
k=1
cTk uk − kTk rk + ρk (6a)
subject to (7)
xCk+1 = Ax
NC
k + Buk + Edˆk (8)
xNCk+1 = Ax
NC
k + Buk + Edˆk + Brrk (9)
x−k − k ≤ xNCk ≤ x+k + k (10)
x−k − k ≤ xCk ≤ x+k + k (11)
u−k ≤ uk + rk ≤ u+k (12)
k,uk − rk, rk ≥ 0 ∀k = 0, 1 . . . , N (13)
The optimization problem results in the optimal input u∗ and
reserve r∗ sequence for the whole time duration N . In this
context, optimality is measured in terms of minimization of
the total cost. ck and kk convert the consumed energy into the
cost of consumption and the revenue from the AS provision, by
taking product of the control input and the allocated reserves
correspondingly with the energy and the reserve price. The
slack variable k ∈ Rnbr in the objective function guarantees
the feasibility of the solution by softening the constraints on
upper x+k and lower x
−
k limits of the room. ρ is an arbitrary
large term used for penalizing the room temperature. Equation
(12) constrains the actuator limits of the HVAC.
Due to the AS provision, the state is kept feasible for both of
the curtailed xCk+1 and non-curtailed xNCk+1 trajectories. These
two trajectories are implemented to replicate the interruptible
load program, already in place in the NEMS [4]. Under this
program, load operator can bid a fixed amount of load for
each 30 minute time interval i.e. 1 market period. If the bid is
qualified and called upon, the load opeartor must then curtail
its load [18].
The optimization problem presented above is essentially a
linear program, and numerous solvers exist which can solve
this class of problems very efficiently. For our simulation
setup, we have implemented linear programing using YALMIP
[19] and CPLEX [20].
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Fig. 3. The LSP for all the cases from table II, scenarios from table I, and
the price from fig. 2.
IV. SIMULATION RESULTS
?? shows the LSP of the system. It can be established
that due to the load not being shifted uniformly in Case
1, the thermal inertia of the system is not more than 1-2
time steps. Furthermore, the LSP is shown to be effected by:
(1) physical characteristics (heating conditions), (2) comfort
requirements (temperature set-point), and (3) energy price.
The above mentioned effects are evident from the fact that
the LSP is reduced at higher price periods of case 2 and
3, and also, beyond the 30th time step the system – due
to the lower heating requirements (see fig. 1) – the LSP is
insignificant. Furthermore, for all the cases, it can also be
seen that after scenario 4 (percentile ±25%), the increase in
the LSP ceases. This information is particularly interesting for
regulators, responsible for designing incentive schemes for DR
services.
For scenario 4, fig. 4 shows the relationship of the negative
effect on the LSP at time step 9. The polynomial functions
in fig. 4 are approximated as y(k) = a1x(k) + a0. Where
x(k) shows the shiftable demand in kW for the corresponding
price y(k) in SGD/kWh. Parameters a1 (slope), and a0 (inter-
cept) are found as explained in the quantification procedure.
Physically, a1 and a0 define the elasticity and base value of
the shiftable demand, respectively. The first order polynomial
functions shown in fig. 4, as expected, exhibits the decrease
in energy consumption with the increase in the energy price.
Compared to the Case 1 at the time step 9 for the scenario 4
(±25), the LSP is reduced by 17% and 96% for the Case
2 and 3, respectively. The demand curves shown in fig. 4
are of great practical importance, as they quantify the ability
to reduce the overall cost of the power system, after being
deployed in the well known unit commitment problem of
the power system. Providing further insight into the demand
Fig. 4. The LSP for all 3 cases for time step 9 and scenario 4 (±25%).
y-axis is in SGD/kWh and x-axis in kW. Solid lines represent the optimized
consumption for each case and dashed lines show the fitted linear polynomial
function.
curves, fig. 5 and fig. 6 show the temperature evolution of one
of the room with its corresponding floor’s consumption. In Fig.
5, compared to Case 1, the LSP of Case 2 from (+25%) to
(−25%) is shown to be limited. This is due to the fact that the
optimization problem foresees a high price time period (period
12− 20 in fig. 2). And, to maintain the comfort requirements
of the room, it is not cost optimal anymore to reduce as much
load as (compared to Case 1), even in the event of maximum
Fig. 5. Temperature evolution in deg C(a) and power consumption in kW
(b) for scenario 4 (±25%) and time step 9 .
(+25%) perturbation.
Fig. 6. Curtailed and Non-curtailed temperature evolution in deg C(a) and
power consumption in kW (b) for the scenario 4 (±25) and the time step 9.
The reduction in the LSP is even more pronounced in fig.
6. The main reason is that now the reserve price at time step
9 also competes with the energy price of the same period (see
fig. 2). Hence, due to the incentives available for AS provision,
optimal consumption is not reduced as compared to previous
cases of (+25%) perturbation at time step 9.
To investigate further on the influence of AS provision and
the LSP, the procedure outlined in section III is simulated for
6 months of the year 2014. The subplot (a) in fig. 7 is for
the time period shown in fig. 3, and the subplot (b) is for the
energy and reserve price of 6 months of the year 2014, taken
from the NEMS [18]. The percentage relative price (RP) is
the ratio of the reserve price to the energy price. It is evident
from the subplot (a) that the increase in the RP deviates the
LSP (∆LSP ) from Case 2. Subplot (b) has 2 regions. Region
1 shows an approximate linearly increasing behavior (∆LSP
Fig. 7. Change in the LSP (kW) with respect to the relative price (RP) (a)
for 1 day and (b) for 6 months. Region 1 in (b) is represented as: 0.5 ≥ RP
≤ 1 and region 2 as: RP ≤ 0.5 ∨ RP ≥ 1.
= 474RP−153.16). Region 2 does not show any behavior
because of two reasons. Firstly, for the values of RP greater
than 1, the change in the LSP is saturated due to the physical
limits of the modeled system’s actuators for the AS provision.
Secondly, for values of RP less than 0.5, the reserve price
can not dominate the AS provision term in the optimization
problem. This results in the dependence of the change in the
LSP for lower values of the RP to be dependent on the factors
such as heating and comfort requirements.
V. CONCLUSION AND FUTURE WORK
In this paper, the LSP is quantified and various factors influ-
encing its behavior are explored. Using an optimization based
approach, it is shown that the AS provision reduces the natural
LSP. Analytical relationships are approximated to explain the
demand elasticity. The quantifying procedure explained in
this paper could serve to qualify load management or DR
schemes, before they are deployed. Future work will include
expanding this analysis to the transmission and distribution
grid. Furthermore, the effect of technical challenges faced by
DR schemes due to network constraints will also be explored.
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